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ABSTRACT

Different patients might need different treatments, even
if they are admitted for the same condition. The cur-
rent models for treating patients do not sufficiently take
into account how treatments differ per patient group, even
though this is useful information for care givers. To find
some of the differences in treatments, this research uses
process mining to visualize the differences in procedures
for patients with heart failure. Process mining uses data
from an information system to make process models which
show the activities taken by the people within the infor-
mation system. For this research the information system
is the MIMIC-III database, which holds patient data from
the intensive care. Process models of patients of different
age groups and blood pressure measurements are made.
These process models are compared against each other
using BPMNDIffViz and human judgement. From this I
found that the oldest age group of patients above 65 years
have the most differing treatment compared to other age
groups. Secondly, the patient group with the highest blood
pressure reading upon admittance (blood pressure above
160/90 mm Hg) differed the most from all other groups,
as it had the least amount of procedures. These results
indicate that there are distinct differences between treat-
ments of different patient groups, future research could
show how treatments differ for other patient groups, or
go more in-depth and work with a hospital to implement
possible changes based on the results.
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1. INTRODUCTION

A lot of research has been done on risk factors for heart
failure (HF) and how they affect the chance of getting
a heart disease. In precision medicine disease prevention
and treatment is personalized to the patient based on their
genes, environment and lifestyle. For HF research is be-
ing done into the different omics (genomics, pharmacoge-
nomics, epigenomics, proteomics, metabolomics, and mi-
crobiomics) and how they relate to the diagnosis, devel-
opment, progression and treatment of HF. This research
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has a lot of promising results, but as it is a very large and
complicated subject there is still a lot to be done within
precision medicine [3]. Thus there is still a need for show-
ing how care paths for patients with different risk factors
differ and can be improved upon, where the care path de-
fines which different procedures and treatments are best
practice for a specific patient group.

Medical experts are interested in knowing the differences
in care paths followed by different patient groups, as this
can show how patient get different treatments and if some
treatment needs to be adjusted [13]. Furthermore, by
knowing the differences between the groups it is possi-
ble to optimize the care processes for each subpopulation.
Herein, subpopulations are groups of patients who share
a common trait, such as all patient older that 80. To
find the differences in care paths, process mining can be
used. Process mining models the events taken within an
organization, in this case the Intensive Care Unit (ICU) of
hospitals, and thus gives insight into the reality of the pro-
cesses, which can be very different from expected processes
and standard models. With these insights processes can
be optimized while reducing the costs of these processes
[12].

In this research there is a focus on patients with HF admit-
ted to the ICU as HF is in the top 5 reasons why a patient
is admitted to the hospital [6]. On top of that, one in five
patients with HF is admitted to the ICU. This results in
a large amount of patients admitted to the ICU, which
is a very high-cost setting [20]. Also, as HF prevalence
increases with age, while the life expectancy grows this
means more people with lasting effects of HF need more
hospital care and possible re-admissions to the hospital.
Thus there is a need to improve the care systems to also
create better care systems which can help more people [5].
HF is the only disease studied within this research, as it
already has many subpopulations and possible differences
in care, and including more diseases would have given very
little time to analyze the differences in care paths.

The aim of this research is to discover the process models
of patients with heart failure from 2 different subpopula-
tion categories, these categories based on age and blood
pressure. These process models will be compared to show
the differences between treatment procedures given to pa-
tients with HF' from different subpopulations. Based on
this aim the research question is formulated as follows:
What are the differences between treatment processes in
the ICU followed by patients with HF from different sub-
populations?

To answer the research question, two subquestions have
been defined which will be answered first.

1. What are suitable subpopulations for patients with



HF, based on risk factors and chance of readmission?

2. What are the treatment processes for these subpop-
ulations in the ICU?

This paper is structured as follows. The next section will
further explain process mining and discuss the tools and
data used in this research. Section 3 shows existing related
research. Section 4 goes into the methodology used to get
the subpopulations and the process models. Section 5 lists
the findings from the process model comparison. In the
discussion, section 6, the findings are interpreted. Lastly,
section 7 is the conclusion and discusses some future work.

2. BACKGROUND

2.1 Process mining

In process mining the goal is to discover, analyze and im-
prove upon real world processes. Data from existing sys-
tems can be used to model the processes within an or-
ganization, thus showing the actual behaviour of people
and the organization which can be compared against the
expected behaviour. This can lead to more insights and
help improve the processes within the organization, mak-
ing them more efficient [12].

Process mining has already been successfully applied in
different domains such as banking, logistics and smart di-
agnostics. Unlike with business processes, in healthcare
processes it is not possible to apply rigorous business pro-
cess and workflow management techniques, as healthcare
processes need to be more flexible and have many excep-
tions based on the needs of the patients. In healthcare
process mining can be used to bring many improvements
upon the organization [12]. Process models can be used
to make sure that procedures are firmly understood by
care professionals and stakeholders, and make processes
more efficient and thus cut costs. Furthermore a better
understanding of resources and patients can be developed,
insights into collaboration with peers can be given, identi-
fying where long waiting times and bottle necks are, and
being able to predict a patient’s necessary care based on
previous cases [19].

2.2 Tools

For process mining the open-source tool ProM 6.10 was
used, which is a program developed for process mining and
can be extended with the use of plug-ins. In healthcare
ProM is the most used process mining tool [19]. Version
6.10 of ProM is specifically meant for researchers, as this
version will not be updated and thus the research results
can be replicated [17].

The following plug-ins for ProM were used: convert CSV
to XES, Inductive Visual Miner and Convert Petri net to
BPMN diagram

The tool BPMNDIffViz [9] was used to help visualizing
differences between process models. BPMNDIiffViz is a
web-based tool developed to find and visualize differences
between business processes.

2.3 Data

The MIMIC-IIT v1.4 database has been used in this re-
search. This database is freely-available and consists of
deidentified patient data from the ICU at Beth Israel Dea-
coness Medical Center [10]. To gain access to this data
the required online course on data use and protection was
completed and the data use agreement was signed.

The MIMIC database contains data from over 46.000 pa-
tients admitted to the ICU from 2001 til 2012. This makes

the database well-suited for research, as it contains a large
and diverse population of patients [10].

3. RELATED WORK

The paper Process mining in healthcare: A literature re-
view [19] discusses the usefulness of process mining in
healthcare, and gives an overview of for which ends pro-
cess mining in healthcare can be used. Furthermore, this
paper gives a summary of which methods and tools were
used in process mining in healthcare.

The book Process Mining in Healthcare - FEvaluating and
Ezxploiting Operational Healthcare Processes [12] covers the
basis of numerous question which arise when wanting to
use process mining in healthcare, specifically focusing on
organizational healthcare processes. The book showcases
how process mining can be used in healthcare and what
problems one can run into while process mining.

Automatic Process Comparison for Subpopulations: Ap-
plication in Cancer Care [14] applies process mining in
the comparison of the treatments of patients from differ-
ent subpopulations. This paper focuses on cancer patients
and uses datasets of MIMIC-III and the Hospital Group
Twente. In this paper the process models of different sub-
populations are compared using graph comparison meth-
ods, including a graph edit distance and cross-log confor-
mance, furthermore a user study was performed to check
the results of the graph comparison methods.

BPMNDIftViz is also used in BPFlexTemplate: a software
tool to derive flexible process model templates [8]. In this
paper BPMNDIffViz is extended to also derive flexible
template models from two process models. These models
can be stored and used for further process comparisons.

As this research is written there is no research yet done on
using process mining for showing the differences between
subpopulations of patients with HF.

4. METHODOLOGY

The methodology of this research is based on the proposed
methodology in [15]. This methodology, called Process
Mining Project Methodology in Healthcare (PM2HC), has
been used as it is developed for process mining in health-
care, which fits with this research. The paper defines 6
phases: planning, extraction, data processing, mining and
analysis, evaluation and lastly improvement and support.

During the planning phase the goals of the research are
defined and managing expectations of the stakeholders in-
volved in the research. During this phase the research
questions also need to be determined.

The extraction phase deals with extracting the necessary
event data from the system. Herein the stakeholders are
involved in determining the scope of the research and vi-
sual representations are needed to make clear how the in-
formation is ordered. The recommended place for data
extraction is the billing system.

During the data processing phase the logs which will be
used for process mining will be made. The recommended
elements in a log are: patient’s ID, activity name, depart-
ment and timestamp.

During mining and analysis the process models are gen-
erated and the goal is to gain insight into the processes.
Model statistics can be used to compare differences be-
tween model or between expected behaviour and the exe-
cuted behaviour.

With the evaluation phase the goal is to define improve-



ment ideas based on the findings from the analysis. Herein
the stakeholders once again play a role, in this case to
judge if the conclusions and improvement ideas align with
the project’s objective. During this phase the results also
need to be interpreted to understand the process models
and results from the analysis.

In the last phase the stakeholders decide the desired path
to implement the improvement ideas. As this research
was performed without collaboration with a hospital, this
phase will not be executed.

4.1 Phase 1: Planning

The planning phase consisted of making the research pro-
posal. During this phase the course to become a creden-
tialed user of PhysioNet was also completed and the appli-
cation to get access to the MIMIC-III database was turned
in.

4.2 Phase 1.5: Deciding on subpopulations
As finding which subpopulations are suitable for HF will
not be answered by means of process mining, it does not fit
into the PM2HC. Instead, to find possible subpopulations
of patients with HF, literature research was done. Here
was focused on finding what groups of people are at risk of
getting HF and groups which have a higher chance of being
readmitted to the hospital. This methodology has been
chosen as the aim of this research is to find the differences
in care paths of patients with different risk factors.

The report of heart disease and stroke statistics [23] holds
a chapter about the statistics of HF, including the preva-
lence, incidence, lifetime risk, risk factors and mortality,
among other statistics. In this chapter there are many
factors discussed which influence the risk of getting heart
failure, such as high blood pressure, diabetes, gender, age
and ethnicity.

The second paper used focused on subpopulations of pa-
tients with HF who were readmitted to a hospital at a
later date, also including multiple re-hospitalizations for
non-HF admissions to include the significance of a co-
morbidity burden. If a patient has a comorbidity bur-
den then that means they have multiple diagnoses, such
as HF and chronic kidney disease. The subpopulations
that were found in this research where, among others, el-
derly patients with a higher comorbidity burden, patients
admitted to the ICU and gender [5].

Based on the different subpopulations in the research, two
subpopulations have been chosen to focus on in this re-
search to keep the research within the allotted time frame.
These subpopulations are age and blood pressure (BP).
Age has been chosen because they prevalence of HF in-
creases drastically the older the population group is. The
prevalence of HF ranges from around 1 percent for people
under 45, around 6 percent for people between 45 and 65,
and around 11 percent for people above 65 [7]. For the
BP the risk of getting HF increases with a high BP, where
the risk of getting HF is 1.6 times higher when a person
has a BP over 160/90 mm Hg compared to a person with
a BP below 120/90 mm Hg [23]. This leads to a total of
6 subpopulations: age below 45, between 45 and 65 and
above 65, and BP below 120/90 mm Hg, between 120/90
and 160/90 mm Hg and above 160/90 mm Hg.

4.3 Phase 2: Extraction

The data was downloaded from Physionet once the appli-
cation to access the MIMIC-III database was approved.
The data [16] was loaded into a local database so that the
PostgreSQL queries could be executed in PgAdmin 4.

For visual representation of the data a schema generated
SchemaSpy was used [21].

In accordance with the advice from PM?HC of using the
billing system for the data extraction [15], the table that
was used for the procedures was the 'CPTEVENTS’ table,
which holds the procedures based on the current procedu-
ral terminology (CPT) codes to facilitate billing for the
procedures performed.

4.4 Phase 3: Data processing

To get the process models first the tables had to be made
of the specific subpopulations, this was done pgAdmin 4.

The MIMIC-IIT database work with ICD-9 codes for diag-
noses, in ICD-9 all codes for heart failure start with '428’.
So for this research the data was filtered to only use ad-
missions where the patient was diagnosed with at least one
form of heart failure, to ensure all forms of heart failure
are included.

To make the tables of all subpopulations, PostgreSQL
queries were used. The patients age was gotten through
their date of birth and date of admission, as no age was
registered in the database. The BP categories were got-
ten through the first BP measurement upon admittance,
as the aim of this research was to see the differences in
care paths for subpopulations where the hospital would be
able to determine which subpopulation a patient belonged
to based on measurements and available information. It
would also be interesting to see how an extended period of
high blood pressure would affect the care path for future
research, but as it is not always possible to know how long
a patient has had high blood pressure upon admittance,
this was not included in this research.

To make process models the following things need to be de-
fined: cases, events, start time and completion time. One
case was for this research one admission, and the events
were the procedures based on the CPT names. As the
procedures did not have a timestamp, the ’ticket_id_seq’
was used, which gave the sequence all procedures were
executed in.

Except for ventilation, all procedures only had a sequence
number which showed in what order the procedures were
done, and not a timestamp. Ventilation only had a times-
tamp, and because of this all procedures which consisted
of ventilation were filtered out, as it was impossible to
match the ventilation up with the other procedures.

4.5 Phase 4: Mining and Analysis

The tables of the different subpopulations with the nec-
essary patient data and procedures were put into ProM,
where the tables first had to be converted from a CSV file
to a XES file using an extension of ProM. This was done
as PgAdmin exports CSV files and all ProM mining tools
works on XES files.

The CPT names consist of two levels of abstraction. Here
the top-level was used, which defines 8 different kinds of
procedures. The second level of abstraction gave a more
detailed description of the procedure, but this level con-
sisted of 143 events, which was too large to compare in
this research.

A few procedures did not have a name in the database.
These procedures are kept in the used dataset because in
all the process models containing these procedures, they
showed up consistently in the same place. Because these
unnamed procedures are consistent among the models it
is less likely that these events are a simple error, as with
an error it would be more likely that it occurs at different



times and not consistently after the same procedures. The
procedures are shown in the process model with the name
'NULL’.

To make the process models the Inductive Visual Miner
was used, which is a robust and user friendly miner and
is capable of dealing with noise. It also showed how many
patients went into a procedure and how many times that
procedure was accessed in total [11]. This information is
very useful as it helps to see if a any changes are also
significant.

In Inductive Visual Miner the paths slider was set to 90%,
to filter out small deviations in the paths. As there are
many exceptional behaviours in healthcare and flexibility
is necessary [12], these small deviations do not help with
seeing the overall differences between subpopulations. The
activities slider was put to 1, to make sure that all proce-
dures would be included in the model.

Process models for subpopulations 'BP above 160/90 mm
Hg’ and "between 45 and 65 years’ are added in appendix
A. Due to the size of the models and the maximum page
count requirement of the 35th Twente Student Conference
on IT the other models are not included.

Furthermore, in ProM the dotted chart was also gotten of
all subpopulations. This gave some more statistics, such
as the average amount of procedures necessary per patient,
and the standard deviation of this average number. These
statistics are noted in table 1.

In preparation of comparing the process models they were
also made in the Business Process Model Notation (BPMN)
2.0 format. To get the models in the right format the pro-
cess models were exported as a Petri net and converted
using the plug-in 'Convert Petri net to BPMN diagram’.
This was done to ensure the BPMN models matched up
with the inductive visual miner models and did not dif-
fer due to using a different miner to get the Petri net or
BPMN models.

4.6 Phase 5: Evaluation

To compare the different process models BPMNDIffViz
[9] was used, as it shows clearly the differences between
models and can calculate the graph edit distance (GED).
The GED defines the number of edits needed to transform
one graph into another, where every type of edit can have
a different weight[4].

Although BPMNDIffViz only accept models in the BPMN
2.0, which was developed specifically for business processes,
they also work for care processes [1].

BPMNDiffViz has implemented 6 different GED algorithms.

To decide which algorithm to and weights to use for the
edits, the paper by Skobtsov and Kalenkova [22], where
they test 5 different GED algorithms on performance and
precision, is used. In this paper it is stated that the tabu
algorithm has the best precision, with all the edit weights
are set to 1 among the different algorithms. Thus, in this
research the tabu search was used with the same settings,
namely the weight for all edits set to 1 and the maximum
number of expansions and size of the tabu list set to 100.

The only algorithm in BPMNDIiffViz that was not tested
by Skobtsov and Kalenkova was the genetic algorithm. Ac-
cording to [18] this algorithm is very fast and thus suitable
for large models, but it only approximates the GED. As
the models for this research only have a maximum of 8
procedures, this algorithm was not necessary.

To get the GED the models were uploaded to BPMNDif-
fViz and with the tabu algorithm the models were com-
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Figure 1. Part of visualization of comparison "BP between
120/90 and 160/90 mm Hg’ and 'BP below 120/90 mm Hg’

pared in sets of two. The comparisons were done among
a single risk factor, so the different age groups were com-
pared against each other and the BP groups were com-
pared against each other. This resulted in a process model
marked with red for elements deleted and green for ele-
ments added in BPMNDIiffViz. In figure 1 an example
of the visualization is shown of the model 'BP between
120/90 and 160/90 mm Hg’ which was compared to 'BP
below 120/90 mm Hg’. As ’BP between 120/90 and 160/90
mm Hg’ has the most elements out of the two, the elements
which are not in 'BP below 120/90 mm Hg’ are marked
in green. With these markings the procedures were com-
pared and noted down. All results gathered from these
comparisons are written out in section 5.

All the procedures were compared to where they were in
the models. Here the following things were checked: if pro-
cedures are parallel, sequential or exclusive. Parallel pro-
cedures meant that patients had access to all procedures
that are parallel to each other, and it did not matter in
which order they were accesses. For instance, if the proce-
dures 'medicine’ and ’surgery’ are on parallel paths, then
patients could either receive 'medicine’ first or ’surgery’
first. Exclusive meant that patient had only access to
one of the procedures that was exclusive, for instance, if
’emerging technology’ is exclusive of 'pathology and lab’,
patients either have ’emerging technology’ or ’pathology
and lab’, not both procedures. If procedures were sequen-
tial, then the procedures were accessed in the order defined
in the model. For instance, if 'radiology’ is sequentially
before ’anesthesia’ then patients first have to receive ’ra-
diology’ before they can receive ’anesthesia’.

S. FINDINGS

Among the process models there were some procedures
that were consistent in all models. The first one was ’eval-
uation and management’, which was always in its own par-
allel path and was accessed by all patients, often multiple
times accessed. The second similarity was that if a patient
has ’anesthesia’, they also have ’radiology’. The third was
that if there was a "NULL’ procedure, it would be at the
end of the model in parallel with ’evaluation and manage-
ment’ and sequentially after all the other procedures. This
is shown in figure 2, which is a detail of the process model
from ’above 65 years’, where it is visible that the '"NULL’
procedure is at the end of the model in parallel with the
top line which holds ’evaluation and management’ (not
shown in the figure). Fourthly, for all subpopulations ex-
cept ’above 160/90 mm Hg’ the procedure ’surgery’ was



Table 1. Statistics subpopulations

<45 years | 45-65 years | >65 years | BP <120/90 | BP 120/90-160/90 | BP >160,/90
# patients 458 3057 8447 5895 4641 1425
# procedures 6 7 8 8 8 5
Avg # procedures accessed 22.20 19.35 13.06 16.20 14.55 15.27
Std. dev procedures accessed 24.70 24.46 15.77 20.43 18.68 19.27
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Figure 2. NULL procedure always at the end of the model

sequentially before 'NULL’ if applicable and parallel to all
other procedures.

All the models also contained at least 5 distinct proce-
dures, which were: ’evaluation and management’, ’anes-
thesia’, 'radiology’, ’surgery’ and ’medicine’. Any addi-
tional procedures were either ’emerging technology’, ’pathol-
ogy and laboratory’ or 'NULL’.

5.1 Subpopulation: Age

5.1.1 Graph edit distances

The GED for the age subpopulations were: 35 edits for "be-
low 45 years’ and "between 45 and 65 years’ (appendix A,
figure 5), 48 edits for "below 45 years’ and ’above 65 years’
and 49 edits for ’between 45 and 65 years’ and ’above 65
years’.

5.1.2 Differences procedures and paths

The procedure ’emerging technology’ was only accessed in
the subpopulation ’above 65’ by 14 patients, where it was
sequentially before 'radiology’, ’anesthesia’ and ’pathology
and laboratory’. In the other two age subpopulations it
was never accessed.

The procedure 'NULL’ was accesed by subpopulation ’above
65 years’ by 2 patients and by subpopulation 'between 45
and 65 years’ by 1 patient, and not accessed by the sub-
population 'below 45 years’.

’Pathology and laboratory’ was sequentially before ’radi-
ology and anesthesia’ for subpopulation ’below 45’ where
’pathology and laboratory’ was accessed by 3 patients and
’radiology’ accessed by 19 patients. For subpopulation 'be-
tween 45 and 65’ ’pathology and laboratory’ (4 patients)
was exclusive of 'radiology’ (187 patients) and ’anesthe-
sia’. For subpopulation ’above 65 years’ 'pathology and
laboratory’ (13 patients) was sequentially after 'radiology’
(531 patients) and 'radiology’.

’Medicine’ for subpopulations ’below 45’ and "between 45
and 65’ was sequentially after 'pathology and laboratory’,
radiology’ and ’anesthesia’, where 'medicine’ is accessed
by 125 patients in 'below 45’ and 835 patients in ’between
45 and 65’. In ’between 45 and 65’ ’'medicine’ can also
be skipped, whereas in ’'below 45’ that is not possible.
For subpopulation ’above 65’, 'medicine’ (1047 patients)
is in parallel 'pathology and laboratory’, ’radiology’ and
’anesthesia’.

For ’below 45’ ’radiology’ (19 patients) is sequentially be-
fore ’anesthesia’ (2 patients). In subpopulations "between
45 and 65’ and ’above 65’ ’radiology’ is in parallel with
’anesthesia’, with 'radiology’ accessed by 187 patients for
‘between 45 and 65’ and by 531 patients for ’above 65,
and ’anesthesia’ accessed by 13 patients for 'between 45
and 65’ and by 29 patients for ’above 65°. Figure 3 show
the procedures in the models of ’below 45’ and ’above 65,
here it is visible that 'radiology’ and ’anesthesia’ are se-
quential in ’below 45’ while in ’above 65’ they are parallel.

5.2 Subpopulation: Blood pressure

5.2.1 Graph edit distances

The GED for the BP subpopulations were: 23 edits for
’below 120/90 mm Hg’ and ’between 120/90 and 160,/90
mm Hg’, 54 edits for 'below 120/90 mm Hg’ and ’above
160/90 mm Hg’ (appendix A, figure 4) and 51 edits for
"between 120/90 and 160/90 mm Hg’ and ’above 160/90
mm Hg’.

5.2.2 Differences procedures and paths

Procedure 'NULL’ was accessed by 3 patients for ’below
120/90 mm Hg’ and by 1 patient for between 120/90 and
160/90 mm Hg’, and never for ’above 160/90 mm Hg’.

For "below 120/90 mm Hg’ ’pathology and laboratory’ (7
patients) was sequentially after 'radiology’ (383 patients)
and ’anesthesia’. For 'between 120/90 and 160/90 "pathol-
ogy and laboratory’ (6 patients) was ezclusive of 'radiol-
ogy’ (258 patients) and ’anesthesia’. In the process model
for ’above 160/90 mm Hg’ 'pathology and lab’ was never
accessed.

Procedure ’emerging technology’ (6 patients) was exclusive
of 'radiology’ (383 patients) and ’anesthesia’ in subpopu-
lation ’below 120/90 mm Hg’. For ’between 120/90 and
160/90 mm Hg’ ’emerging technology’ (7 patients) was se-
quentially before 'radiology’ (258 patients) and ’anesthe-
sia’.

"Medicine’ (865 patients) in parallel with ’surgery’, 'radiol-
ogy’, "anesthesia’, "pathology and laboratory’ and ’emerg-
ing technology’ for subpopulation ’below 120/90 mm Hg’.
For ’between 120/90 and 160/90 mm Hg’ 'medicine’ (610

patients) is sequentially after 'radiology’, "anesthesia’, "pathol-

ogy and laboratory’ and ’emerging technology’. For ’above
160/90 mm Hg’ 'medicine’ (221 patients) is in parallel with

'surgery’ and sequentially after ’anesthesia’ and ’radiol-
?

ogy’.
For both ’below 120/90 mm Hg’ and 'between 120/90 and
160/90 mm Hg’ ’radiology’ (383 and 258 patients, respec-
tively) was in parallel with ’anesthesia’ (17 and 22 patients,
respectively). For subpopulation ’above 160/90 mm Hg’
'radiology’ (44 patients) was sequentially before ’anesthe-
sia’ (2 patients). For ’above 160/90 mm Hg’ it was never
accessed.

For both ’below 120/90 mm Hg’ and ’between 120/90
and 160/90 mm Hg’ ’surgery’ (2246 and 1526 patients,
respectively) is in parallel with ’pathology and labora-
tory’, ’emerging technology’, radiology’, ’anesthesia’ and
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Figure 3. Model comparison of ’radiology’ and ’anesthesia’ for models ’below 45’ (left) and ’above 65’ (right)

‘medicine’. For ’above 160/90 mm Hg’ ’surgery’ (827 pa-
tients) is in parallel with 'medicine’ and sequentially after
’anesthesia’ and 'radiology’.

6. DISCUSSION

Not much is known how different risk factors influence the
care a patient receives at a hospital. To give more insight
herein this research focuses on showing the differences in
care received by patients with heart failure from differ-
ent age groups and BP measurements. Process models of
patients of the subpopulations were compared to see the
differences in which procedures patients received and in
which order the procedures were given.

The biggest differences found in the care was for the sub-
population with BP above 160/90 mm Hg and the sub-
population of patients older than 65 years.

The subpopulation 'BP above 160/90 mm Hg’ differs the
most from the other subpopulations, as it only has 5 pro-
cedures, compared to the 8 procedures in the other sub-
populations defined by BP measurements. Furthermore,
all other subpopulations have the procedure ’surgery’ in
parallel with all other procedures, except for the 'NULL
procedure, but the subpopulation ’above 160/90 mm Hg’
has surgery sequentially after 'radiology’ and ’anesthesia’,
which means that patients that have ’radiology’, ’anesthe-
sia’ and ’surgery’ first need to go through ’radiology’ and
’anesthesia’ before getting 'surgery’.

The subpopulation ’above 65 years’ differs from the other
subpopulations defined by age because it is the only one
with the procedure ’emerging technology’. This meant
that newer procedures and technologies were only used for
older patients. Furthermore, 'medicine’ had its own par-
allel path, meaning that elderly patients needed medical
services and procedures earlier in the treatment process
than younger patients.

Although the "NULL’ procedure was not in all subpopu-
lations present, I think this might not necessarily be due
to the difference in care a subpopulation needs but due to
difference in number of patients. The two largest subpop-
ulations, ’above 65 years’ (8447 patients) and 'BP below
120/90 mm Hg’ (5895 patients), only have 2 and 3 patients
with the 'NULL’ procedure, whereas the two smallest sub-
populations, "below 45 years’ (458 patients) and 'BP above
160/90 mm Hg’ (1425 patients), do not have the 'NULL’
procedure. As there is a large size difference of these sub-
populations it is very much possible that the 'NULL’ pro-
cedure is not in the smaller subpopulations because these
subpopulations are too small.

Among all subpopulations the procedure ’pathology and
laboratory’ tended to be in a different place in the process
models. It was either before, after, or exclusive of ’ra-
diology’ and ’anesthesia’. This could possibly mean that
only a few patients needed both ’pathology and labora-

tory’ and 'radiology’/’anesthesia’ and thus when a patient
needs both this is decisive for the order of the procedures.
Another possibility is that ’pathology and laboratory’ is
needed differently depending on the subpopulations. Cur-
rently it is not possible to see how many patients had both
‘pathology and laboratory’ and 'radiology’/’anesthesia’, so
no conclusive reasoning can be chosen.

From the findings follow that while there are some similar-
ities among all subpopulations, every subpopulation also
has its own distinct paths. This is not surprising as in [2]
it was shown that elderly patients with heart failure need
different care than younger patients, as they react differ-
ently to some medicine and procedures and are more likely
to have multiple conditions which need to be treated.

6.1 Limitations and future work

This research only used data of one hospital, so it is possi-
ble that there is a bias in the data consisting of the prac-
tices of this hospital, which could differ from the practices
of other hospitals. In the future it could be looked into
how practices differ per hospital and gather data of multi-
ple hospitals. Future research which would also implement
improvement ideas in a hospital should look at the specific
practices of that hospital to ensure the improvements fit
with that specific setting.

A limitation of this research was that there were no times-
tamps available for the procedures, for future research
it would be interesting to work with data with times-
tamps and see where there are bottlenecks and long wait-
ing times.

Future research could expand on this research and include
more subpopulation, or go into more detail by using sub-
events of the procedures. As this research has shown that
there are differences in treatments for different patient
groups, it would be beneficial to further show the differ-
ences and work with a hospital to implement improvement
ideas.

7. CONCLUSION

In this research the differences between treatments of pa-
tient groups with heart failure were shown. Here different
subpopulations were decided on based on how much differ-
ent risk factors influenced chance of getting heart failure
and being readmitted for heart failure. In this research the
subpopulations focussed on where age and blood pressure.
From these subpopulations were process models made, and
I compared those using BPMNDIffViz and checking where
the procedures were relative to each other. From the com-
parison followed that the patients older than 65 had the
most different treatment among the age groups, as it was
the only age group that had emerging technology as a pro-
cedure and medicine was in parallel with all other proce-
dures, instead of after radiology and anesthesia. The sub-
population of patients with a blood pressure above 160/90



mm Hg differed the most from all other subpopulations,
as it had the smallest amount of procedures and did not
have surgery in parallel with all other procedures.

A major limitation of this research was that there were
no timestamps available of the procedures, in future re-
search a data set needs to be found with timestamps to
see where long waiting times are and bottlenecks. Further-
more the MIMIC-III dataset is very large and complex,
and although I tried to ensure no cases were missed, it is
possible that some cases got lost during processing.

As there are clear differences between treatments of differ-
ent subpopulations, future research can go more in-depth
and work on improvement ideas to apply in a hospital and
also work with different subpopulations.
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APPENDIX
A.

PROCESS MODELS
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Figure 5. Age: between 45 and 65 years

Figure 4. Blood pressure: above 160/90 mm Hg



